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ABSTRACT  
   
Social discounting underlies individual altruistic decision-making, and it is 
frequently measured as the amount of hypothetical money one is willing to forgo for 
another person as a function of social distance. In the classic social discounting task, 
individual participants are asked to imagine their friends along a continuum of social 
distance, that is then used to estimate participant’s social discounting rate. While an ever-
growing proportion of social interactions takes place over social media, no research has 
yet characterized social discounting in that context. Moreover, no research has estimated 
social discounting rate using real persons’ social distance, instead of the hypothetical 
continuum described above. Using existing social media indicators of social distance, it is 
now possible to estimate social discounting rate based on real people, which may lead to 
more accurate social discounting measurements and may expand the discounting model 
to real-life situations. Specifically, using computer algorithms to estimate the social 
distance from social media data makes it possible to assess the utility of numeric social 
distance indicators and the most appropriate ways to represent them. The proposed study 
examined the extent to which a hyperbolic model for social discounting fits social 
distance information retrieved from Facebook pages; and assessed whether there were 
differences in discounting rate when real or hypothetical social distance is used; also to 
further investigate whether discounting rates based on real persons are in fact based on 
perceived social distance by the participant, or on the imaginary social distance scale (i.e., 
an experimental artifact.) 
It was found that the social discounting model can be applied in the social media 
context, even when real Facebook friends’ profiles were used as substitutes of numeric 
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social distance indicators. Additionally, people showed similar altruistic tendencies in 
both the numeric and profile social discounting tests on the Facebook environment. These 
findings were qualified, however, by a high rate of nonsystematic data for the profile 
group; a rate much higher than traditional numeric paradigm. This discrepancy suggested 
that the allocation rates between numeric and profile approaches need further 
investigation to determine the factors affecting individuals’ generosity as a function of 
social distance indicators.  
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INTRODUCTION 
Simon (1995) posited a three-coordinate system that guides individuals’ 
allocation behaviors: consumption of goods by oneself immediately, later consumption 
by the self [delay discounting], and consumption by other people [social discounting]. 
Specifically, delay discounting (Madden & Johnson, 2010) refers to the process by which 
the value of certain outcomes, such as rewards, decreases as the time from the present 
increases. It is similar to people’s traits such as impulsivity and self-control (Harris & 
Madden, 2002; Madden, Begotka, Raiff, & Kasten, 2003; Myerson Green, Hanson, Holt, 
& Estle, 2003), which is also associated with the degree of alcohol use, smoking, and 
drug addiction (Bickel & Marsch, 2001). Similarly, prior research has found that social 
discounting rate can predict social cooperation (Locey, Safin & Rachlin, 2013). In 
addition, previous research (Branas-Garza, Cobo-Reyes, Espinosa, Jiménez, Kovářík, & 
Ponti, 2009; Charlton, Gossett & Charlton, 2011; Jones & Rachlin, 2006; Nakamura, 
2014) also showed that people tend to be more altruistic and generous towards 
individuals with whom they share close social bonds (e.g., a spouse, best friend), relative 
to individuals with whom they are less familiar (e.g., a door-to-door salesperson who just 
knocked on one’s door, an acquaintance one meets on the street). This behavioral 
tendency towards sharing with others is by the degree of closeness is known as social 
discounting. It is influenced by genetic relatedness (e.g., family members; Rachlin & 
Jones, 2008) or perceived strength or closeness of relationships with others in one’s 
social network. The degree of this closeness is called “social distance”, i.e., individuals 
who share the strongest relationship with us are the “closest” to us, while people with 
whom we have a weaker relationship are more “distant” to us. More specifically, social 
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discounting is an index developed by psychologists to measure altruistic decision-making. 
This index measures the amount of hypothetical money one is willing to give up for 
another person as a function of social distance, with social distance measured along an 
imaginary scale of relationship closeness (Jones & Rachlin, 2006; Rachlin & Jones, 
2007). Both discounting phenomena involve the human perception of distance 
dimensions. According to Trope & Liberman (2010), the nature of psychological distance, 
such as perception of time, the perception of spatial length, and perception of social 
distance, overlap across dimensions. Human cognition on these dimensions of 
psychological distance are related and will mutually influence each other. Evidences 
supporting this relation has shown that a mathematical function (i.e., hyperbolic function, 
Mazur, 1987) can describe the discounting patterns of these psychological phenomena 
and delay discounting patterns across species (Kirby, 1997; Mazur, 1987; Myerson & 
Green, 1995; Rachlin, Raineri, & Cross, 1991; Rodriguez & Logue, 1988). Moreover, 
social discounting and delay discounting rate are highly correlated (Rachlin & Jones, 
2007). 
In studies using a classic social discounting task, participants are first asked to 
imagine, but not necessarily construct, a numeric continuum of social distance (i.e., 
ranging from the closest friend at #1 and their most distant acquaintance at #100). They 
then indicate how much money they would be willing to give up for friends at specific 
hypothetical numeric social distance rankings (e.g., #1, #2, #5, #10, #20, #50, and #100). 
A hyperbolic mathematical function is then used to fit the data to the participants’ rates of 
giving and then estimate the social discounting rate; a lower social discounting rate 
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indicates less of a drop in altruistic tendencies (i.e. money shared) towards friends at 
close versus further social distances.  
While an ever-growing proportion of our social interactions takes place over 
social media, to our knowledge, no research has yet characterized social discounting in 
that context. Moreover, no research has estimated the social discounting rate using real 
persons’ social distance to participants, instead of the hypothetical or “imagined” 
continuum described above. Thus, using existing social media indicators of social 
distance, it is now possible to estimate social discounting rate based on actual friends and 
acquaintances, which may lead to more accurate measurements of social discounting, 
expand the applicable area of the discounting model to real-life situations, and improve 
the prediction of social cooperation. 
 
Social Discounting Phenomenon in the Lab  
When playing an investment game in a lab setting (Branas-Garza et al., 2009), 
people behave more altruistically when the players share a stronger positive emotional 
connection with each other. More specifically, the amount of money people would 
sacrifice for others decreases as a function of the social distance between them (Rachlin 
& Jones, 2007). 
In this classic social discounting task, participants are asked to imagine that they 
have created a closest-friend list to whom they assign ranks ranging from #1 to #100, and 
then choose between option A or B in each line below for individuals whose social 
distance ranks (nth) are 1st, 2nd, 5th, 10th, 20th, 50th, and 100th (presented in a random order). 
For example;  
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1. A.    $85 for you alone                      or                      B. $75 for the #n person on the list. 
2. A.    $75 for you alone                      or                      B. $75 for the #n person on the list. 
…………….. (Choices continue down to 9: See Appendix for the full list) ……………... 
9. A.    $5 for you alone                        or                      B. $75 for the #n person on the list. 
There is a range of choices of money awarded either to oneself or to the other 
person. Participants can award the full amount ($85) or a minimum of ($5) to themselves 
or the other person. Somewhere between the reward value $85 and $5 in Choice A, one 
crossover point (i.e., indifference points) for the participant is expected to occur, which 
would indicate a participant’s shift from the selfish option A to the altruistic option B; 
that is, giving more to the other person than to themselves. The crossover point is 
calculated individually for each social distance rank nth. It indicates the maximum amount 
of hypothetical money a participant would waive so that the person at the corresponding 
social distance rank would receive $75. These crossover points corresponding with each 
social distance equal to the average amount of money on the first option A before and 
after the crossover point. For instance, if a participant chooses $85, $75, and $65 for 
themselves and switches to the generous option at $55, the crossover point is estimated to 
be $60. If a participant selects all selfish options at a certain distance, the crossover point 
is calculated as $90, which is the maximum theoretical indifference point value. Likewise, 
it all generous options are chosen, the crossover point is $0, which is the minimum 
theoretical indifference point value. The crossover values are then fit to the hyperbolic 
function below,  
𝑣𝑣 = 𝑉𝑉(1 + 𝑘𝑘𝑘𝑘) 
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Where v is the discounted value of the reward, or the crossover point value; V, the 
undiscounted value, or the intercept of the hyperbolic function (i.e., N = 0); N, social 
distance rank; and k, a constant measuring degree of social discounting or social 
discounting rate, which reflects an individual’s altruistic score. A steeper/higher social 
discounting rate indicates a person being more selfish. V and k are free to vary in the 
estimation. 
 The goodness of fit of this model has been replicated in many studies under 
different contexts and types of social distance indicators or hypothetical rewards 
(Charlton et al., 2011; Ma, Pei & Jin, 2015; Margittai, Strombach,  van Wingerden, Joëls, 
Schwabe, & Kalenscher, 2015; Nakamura, 2014; Olson et al., 2015; Osinski, 
Ostaszewski, & Karbowski, 2014; Strombach, Jin, Weber, Kenning, Shen, Ma, 
Kalenscher, 2013; Strombach, Weber, Hangebrauk, Kenning, Karipidis, Tobler, & 
Kalenscher, 2015). For instance, the hyperbolic function still applied when participants 
were asked to allocate a hypothetical amount of time they could spend with individuals at 
varying social distances, instead of allocating hypothetical money (Charlton et al., 2011). 
In another study (Nakamura, 2014), when the degree of separation (e.g., my friend’s 
friend has one degree of separation from myself) was used as the indicator of social 
distance, the monetary reward participants were willing to give up decreased 
hyperbolically as the degree of separation increased. Hyperbolic social discounting has 
also been replicated when people are under a risky condition, in which there is a 
probability of receiving the reward for themselves and others (Jin, Pei & Ma, 2017), 
among people from different cultural backgrounds (Ito & Saeki, 2011; Ma, Pei & Jin, 
2015; Osinski, Ostaszewski, & Karbowski, 2014; Romanowich & Igaki, 2017; 
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Strombach, et al., 2013), and among people with different socioeconomic status (Ma, Pei 
& Jin, 2015; Margittai et al., 2015). These consistent findings support the notion that 
shorter perceived social distance predicts greater altruism.  
Although the social discounting assessment test seems stable, in that the 
hyperbolic function consistently fits the research data well across different studies, there 
are several factors that could affect individual performance in a social discounting test. 
For instance, Strombach et al. (2013) concluded that, although social discounting rates 
are independent of cultural identity, the rate in the subjective value of socially closer 
friends among Chinese students dropped significantly slower than that of German 
students. That is, the utility of the relationship strength decreases at a lower rate among 
Chinese students compared to German students. In another study, however, Romanowich 
and Igaki (2017) found that there was no significant difference in the social discounting 
rate between Japanese students and American students in the standard social discounting 
test. These findings suggest the need to identify key cultural factors that contribute to 
social discounting rate.  
In addition to the cultural factor, social discounting rate also has been found to be 
negatively related to intelligence (Osinski et al., 2014), and to differ by gender. 
Specifically, females with higher empathy scores showed shallower social discounting 
rate; whereas males with greater intolerance of uncertainty displayed a steeper social 
discounting rate (Olson et al., 2016). A recent study (Strombach, Margittai, Gorczyca, & 
Kalenscher, 2016) showed that increased cognitive load (i.e., an ‘e’ letter-crossing and a 
Stroop task) significantly increased social discounting rates in males, while females were 
unaffected. 
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Manipulations of the classical social discounting paradigm also have led to 
different responses. For example, Rachlin and Jones (2008) found that participants tended 
to be more altruistic toward their relatives than non-relatives, even when they were at the 
same social distance. Ostaszewski and Osinski (2011) discovered a reverse magnitude 
effect on social discounting. Specifically, they used a larger amount (Polish złoty 70,000) 
versus a smaller amount (Polish złoty 900) as the maximum hypothetical reward in the 
social discounting test. When they ran the analysis within the same group of people, they 
found that small rewards were discounted less steeply than large rewards as a function of 
social distance. Similarly, Japanese students showed a steeper social discounting rate 
compared to Americans in the test when there was a larger hypothetical reward to 
allocate between oneself and the other person (Romanowich & Igaki, 2017). Osinski 
(2010) discovered that if the decisions were made exclusively by the participants or 
mutually by both partners, people tend to be more generous towards closer friends in a 
mutual decision-making setting than in a sole choice setting. However, no difference in 
generosity was found towards emotionally distant targets regardless of mutual or sole 
choice decision-making setting. Jin, Pei and Ma (2017) found that people become more 
altruistic when rewards for either themselves or others were uncertain (i.e., the risk of not 
receiving the reward). Finally, Osiński & Karbowski (2017) discovered that delaying the 
reward in the choices promoted the level of individual altruism as social distance 
increased.  
Given that the social discounting test is sensitive to various reward and distance 
manipulations, the proposed study seeks to assess whether there might be differences in 
the discounting rate as a function of hypothetical versus actual or real social relationship 
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distances. That is, the paradigm in previous studies utilized an imaginary friend-list 
developed by each subject along a social distance continuum. Then, the social 
discounting rate was calculated based upon their reward allocation to individuals along 
this continuum. As noted above, the current study will use the same paradigm to estimate 
the social discounting rate, but it is based on a continuum of actual friends and 
acquaintances. This method of assessing social distance may lead to more accurate 
measurements as described in the next section. 
 
Measuring Tie strength – a Step towards Quantifying Social Distance 
Unlike the paradigm using hypothetical rewards and hypothetical social distance 
to measure individuals’ altruism, sociologists try to measure factors affecting the actual 
tie strength between two actors. Notably, tie strength refers to the interpersonal closeness 
between two actors, which is similar to social distance in psychology. Granovetter (1973) 
proposed a linear combination of four factors to determining tie strength: the amount of 
time, intimacy, intensity, and reciprocal services. Later studies have supported his theory 
and extended the research into the determinants of tie strength (Burt, 1995; Lin, Ensel, & 
Vaughn, 1981; Marsden & Campbell, 1984; Wellman & Wortley, 1990). Lin et al. (1981) 
proposed that similarity in demographic characteristics, such as socioeconomic status, 
race, gender, and education, are significant predictors of tie strength. Moreover, more 
emotional support leads to stronger tie strength (Wellman & Wortley, 1990). From a 
social network perspective, social structural factors, like the extent to which two 
individuals share common network connections (e.g., mutual friends), are associated with 
tie strength (Burt, 1995). 
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As an ever-growing proportion of our social interactions takes place over social 
media, predicting tie strength from individuals’ actual social media data has gained 
greater theoretical and empirical attention. Specifically, rather than relying heavily on 
self-reports of social distance from participants to predict tie strength, researchers seek to 
use the quality and quantity of social interactions through self-report or and other 
measures, as well as the network structure within which individuals are nested. Gilbert 
and Karahalios (2009), for example, reviewed and tested seven dimensions (i.e., duration, 
intimacy, predictive intensity, reciprocal services, network structure, emotional support, 
and characteristic similarity) underlying tie strength previously proposed in “offline” 
studies (Burt, 1995; Granovetter, 1973; Lin et al., 1981; Wellman & Wortley, 1990). 
Using the standard multiple linear regression model, they obtained over 85% accuracy in 
predicting strong ties (i.e., ties with the relationship rating above the mean). Arnaboldi et 
al. (2013) were able to predict tie strength based on communication patterns (e.g., the 
amount of communication exchanges, such as “Comments” and “Likes”, between 
Facebook users), social similarity (i.e., similarity of Facebook profiles), and emotional 
affinity factors (i.e., the closeness and emotional intensity of a relationship) as predictors 
in a linear regression model. 
Importantly, recent advancements in data mining techniques also highlight a 
promising avenue for inferring or predicting tie strength (Jones, Settle, Bond, Fariss, 
Marlow, & Fowler, 2013; Kahanda & Neville, 2009; Madeira & Joshi, 2013; 
Spiliotopoulos, Pereira, & Oakley, 2014; Xiang, Neville, & Rogati, 2010; Zhao, Yuan, Li, 
Chen, & Li 2012). For instance, Kahanda and Neville (2009) compared logistic 
regression, random forest and naive Bayesian classifiers on predicting tie strength with 
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“transactional features” (i.e., wall and picture postings behaviors, as well as shared group 
identity on Facebook); all of these algorithms achieved more than 80% accuracy in 
predicting the strongest relationship. Xiang et al. (2010) developed an unsupervised latent 
variable model to estimate tie strength as a continuous outcome by analyzing user 
similarity and user online interaction data, such as communication and tagging behaviors. 
Zhao et al. (2012) extended their research and developed a model, which predicted tie 
strength on multiple relationship aspects such as diet, work, sport, and so on. Jones et al., 
(2013) used random forest (see below) to predict people’s single closest friend with over 
85% accuracy. They also pointed out that frequencies of interactions, such as Comments, 
Messages, Wall Posts, Likes, Photo Tags, Pokes, Event Invites, and Group Invites on 
Facebook, are the most important predictive features of tie strength, whereas measures of 
user similarity (i.e., similarity in demographic background) are not as important. Madeira 
and Joshi (2013) were able to use a Bayesian network classifier on Facebook data to 
predict the closest friends (each participant nominated 10 Facebook friends to compose 
the closest friends dataset) of the subject with over 85% accuracy.   
With existing social media indicators of tie strength, the present study will apply a 
random forest prediction model to estimate the social distance from social media data. 
Random forest (Breiman, 2001) is an ensemble-learning method, which is an 
extension of the classic classification and regression tree model (Breiman, 2017). The 
tree model is developed by recursively partitioning the variance of a dependent variable. 
Specifically, the variance is split, by a value of one predictor at a time, into two most 
homogenous variance groups that are mutually exclusive. This procedure carries on 
repeatedly until the certain stopping rule is met. Over and above the classic decision tree 
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model, the bagging method (i.e., a basic form of the ensemble-learning method; Breiman, 
1996) bootstraps the original sample every time to “grow” a new tree. The final tree 
model is an average of all these trees. This method was developed to prevent overfitting 
the data, which, though minimizes the bias (i.e., increased prediction accuracy), limits the 
generalizability of the prediction model. However, one potential issue is that the 
bootstrap samples contain overlapping subsets of subjects; the trees grown in this case are 
consequently, highly correlated. To address this issue, random forest introduces 
randomness to another level. Specifically, random forest not only “grows” a tree with a 
new bootstrapped sample, but also use a random subset of all predictors to “grow” a tree. 
This method outperforms many previous prediction models by yielding a good balance 
between generalizability and bias. 
The prediction model in the current study will generate the closest Facebook 
friend-list for each participant, rather than having participants to imagine such list. This 
social distance information will then be used to investigate social discounting in the 
context of social media. 
 
Current Aims 
The proposed study was conducted in two phases. In phase 1, a prediction model 
for predicting closest Facebook friends was generated using random forest algorithm 
based on user Facebook activities. A classic social discounting test was also 
administrated to replicate previous studies. In phase 2, it examined the extent to which 
Rachlin & Jones (2007)’s hyperbolic model for social discounting using hypothetical 
social distance fits social distance information retrieved from individual’s actual 
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Facebook pages, which were predicted by the model developed in Phase 1. This study 
will also assess whether there are differences in social discounting rate when friends’ 
profile names and images (refer as “profile social discounting test”) are used to estimate 
social discounting rate versus hypothetical numeric social distance ranks (refer as 
“numeric social discounting test”), as is done in the classical social discounting task. 
Finally, this study will further examine whether the estimated social discounting rate is 
based on the actual social distance perceived by the participant or if it stems from the 
hypothetical numeric social distance rank utilized in previous research. The findings 
across the two phases of the proposed research will potentially shed light on how social 
discounting in people’s existing social networks, estimated based on actual indicators of 
the degree of social interaction, compares to social discounting models calculated using 
previously established measures of hypothetical social distance. 
Hypothesis 1: Crossover points in the social discounting tests with numeric 
indicators and with profile indicators will be well described by a hyperbolic function. 
Hypothesis 2: There will be no significant differences between the log-
transformed social discounting rates estimated from the classic social discounting test 
compared to the numeric social discounting test using an independent samples t-test.  
Hypothesis 3: There will be a significant difference between the log-transformed 
social discounting rate estimated from the profile social discounting test, and from the 
numeric social discounting test using a repeated measures t-test. Specifically, the log-
transformed social discounting rate estimated from the profile social discounting test will 
be lower than the log-transformed social discounting rate estimated from the numeric 
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social discounting test. A lower log-transformed social discounting rate indicates people 
are overall more generous towards others. 
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METHOD 
Participants 
This research was approved by the Institutional Review Boards of Arizona State 
University. It consisted of two stages conducted through a computer program. Using a 
convenience sample, ninety-three psychology college students were recruited from the 
university SONA research participation system. Forty-nine subjects participated in the 
Phase 1 study, while forty-two participants were in the Phase 2 study. To meet the 
minimum requirement for participation, all participants had to have owned a current 
Facebook account for at least one year and have at least fifty Facebook friends. No 
compensation was offered for their participation in this study. 
All students were able to view a brief description of this study through the SONA 
system. Participants' consent was obtained before the experiment began. By putting their 
signatures on the consent form, participants agreed to participate in this study. 
Participants were notified that their participation was completely voluntary and that they 
were allowed to withdraw from the study at any time. 
Procedure 
The proposed research has two phases. In Phase 1, participants were asked to log 
into their Facebook account. Then the program collected the most three years of data. 
Collecting data from for the past three years was decided after balancing the computation 
time and the amount of data. The data between them and their Facebook friends (such as 
the number of interactions and “likes”, Table 1) were collected from their user Activity 
log and Facebook Application Programming Interface (API). According to Facebook, the 
Facebook API is a platform for building applications that are available to the members of 
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the social network of Facebook. The API enables developers to utilize user social 
connections and their profile information to build applications, subject to individual users’ 
privacy settings.  
The participants then filled out a demographic information form (see Appendix C) 
including age, sex, ethnicity, academic major, education years, first language and their 
frequency of Facebook usage. Using their friends’ profile names and pictures after the 
Facebook interaction data collection processes, participants were also asked to select six 
of their closest Facebook friends to compose a closest friend dataset (see Appendix D). 
Another set of six Facebook friends were randomly selected by a computer algorithm that 
constituted a participants’ non-closest friend dataset, which is generated from 
participant’s Facebook friend-list excluding the selected closest friends These data were 
used by the random forest algorithm to train a Facebook-friend relationship prediction 
model for the Phase 2 study. Participants in Phase 1 also completed the classic social 
discounting task (Rachlin & Jones, 2007).  
In Phase 2, we collected the public interaction data for a second sample of 
participants. Participants completed the same demographic information survey. Then, the 
prediction model developed in Phase 1 was used to generate a friend-list containing the 
50 closest Facebook friends for each participant. 
Participants in this sample were asked to rate the relationship strength for each 
person on this predicted friend-list to assess the social distance for the friends as 
predicted by the prediction model (see Appendix E). Specifically, a page listing the 50 
closest Facebook friends’ profile images and names, predicted by the model, was 
presented to the participants in a random order. Participants were asked to rank their 
   16 
friends by dragging the pointer (located at the center) on the bar, based on how 
emotionally close they felt with each friend. The ranking procedure used a #1 - #50 scale. 
The person at #1 is the closest friend to the participant on Facebook, while the person at 
#50 is someone the participants had randomly added as a friend on Facebook or was an 
acquaintance. After participants made all their decisions, each profile was given a rank. 
This ranking by the participant is denoted as the “subjective rank”. Duplicated ranking 
(friends with the same rank) is allowed in this process.  
Next, the computer processed the “subjective rank” to produce the “computer 
rank”. Notably, each friend in the “computer rank” is forced to have a unique rank. In this 
case, ranks for friends with the same rank were assigned a unique random rank following 
a cumulated ascending order. For example, suppose a “subjective rank” with 10 friends 
have the following ranks: 1, 2, 4, 4, 4, 4, 5, 7, 9, 9; the “computer rank” could be 1, 2, 6, 
4, 3, 5, 7, 8, 10, 9. Therefore, 50 friends will all have a unique rank ranging from 1st to 
50th. 
In the end, the experiment proceeded with the administration of two revised social 
discounting tasks, one with a Facebook-based profile indicator, and the other with a 
numeric indicator of social distance using corresponding “subjective ranks” from the 
Facebook-based profiles. The order for taking these tests was randomized. 
Measures  
Classic Social Discounting Test 
Participants were asked to complete the classic social discounting task, which was 
administered in Phase 1, with the following instructions: 
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“The following experiment asks you to imagine that you have made a list of the 
50 people closest to you from your Facebook friend-list, ranging from your dearest friend 
or relative at position #1 to a mere acquaintance (i.e. a person you barely interact with or 
know) at #50. The person at #1 would be someone you know well and is your closest 
friend or relative on Facebook. The person at #50 might be someone you had randomly 
added but perhaps you may not even recognize. You do not have to physically create the 
list—just imagine that you have done so.  
Next, you will be asked to make a series of judgments based on your preferences. 
On each line, you will be asked if you would prefer to receive an amount of money for 
yourself versus an amount of money for the person listed. Please circle A or B for each 
line.” 
After the instructions, there are six pages of questions sharing the same form, with 
#n replaced by one of six social distances (#1, #2, #5, #10, #25, and #50) presented in a 
random order. The left Column has nine hypothetical monetary rewards ranging from $85 
to $5 in decreasing order. The right column is identical across all lines, offering $75 for 
the #n person. 
New Social Discounting Test with Facebook-Based Profile Indicator 
The new social discounting test with Facebook-based profile indicator is similar 
to the classic social discounting test; it was conducted in Phase 2. Compared to the classic 
social discounting task, in the current task participants are asked to make their allocations 
of money to friends at different social distances based on their Facebook friend’s profile 
names and their personal pictures, rather than hypothetical numeric ranks (see Appendix 
F). Specifically, participants choose between monetary rewards to oneself or “$75 for this 
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person (presented)” as in the classical numeric discounting task, there were six friends 
selected to be displayed in the task, while one page for each friend. The order of such 
presentation was random. The selection of the six friends was based on the “computer 
rank”. Friends with rank #1, #2, #5, #10, #25, and #50 are chosen for display, consistent 
with the classic social discounting task.  
Social Discounting Test with Numeric Indicator of Facebook Friends 
Asocial discounting test with numeric indicator instead of actual Facebook friend 
profile and images also was conducted in Phase 2. Similar to the classic social 
discounting test, participants were asked to make their choices according to numeric 
ranks, only these ranks were based on the “subjective rank” corresponding to the profiles 
used in the social discounting test with Facebook-based profile indicator (see Appendix 
G). Likewise, these six pages of questions share the same form, with #n replaced by one 
of six “subjective” ranks presented in random order. 
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RESULTS 
Descriptive Statistics 
Descriptive statistics are summarized for participants’ demographic information 
in Table 1. In Phase 1, forty-nine participants attended the study. However, the Facebook 
API data of one participant was inaccessible. Another five participants did not have 
enough Facebook friends to meet the research criteria. These participants were thus not 
included in the analyses for generating the prediction model. Forty-nine participants 
finished the classic social discounting test in phase 1 (only twenty-nine participants 
produced reliable systematic data as will be described later in further detail).  
Forty-two participants joined Phase 2. During the data collection, the computer 
program had problems while requesting Facebook API data for one participant and the 
data were excluded. The social discounting tests data for seventeen participants were 
removed because their data were not deemed reliable, which will also be further 
described later.  
Descriptive statistics of participants’ Facebook interaction data are presented in 
Table 2. The first column lists all Facebook interaction variables included in the 
prediction model. The second column provides descriptive statistics for two hundred and 
forty-six closest friend relationships for the forty-one participants, while the third column 
presents descriptive statistics for sixteen thousand two hundred and fifty-nine 
relationships from the non-closest friend dataset. Notably, the mean for each column are 
averaged for each participant first, and then calculated across participants. 
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Table 1  
Descriptive Statistics of Demographic Variables  
  Demographic data 
 
Phase 1 
 
Phase 2 
 
N = 49   N = 42 
 Sex n (%) 
   
Male 17 (34.69%) 
 
11 (26.19%) 
Female 32 (65.31%) 
 
31 (73.81%) 
Age 
   
M (SD) 21.41 (5.76) 
 
21.69 (3.92) 
(Min, Max) (18, 45) 
 
(18, 37) 
Race n (%) 
   
White/Caucasian 19 (38.78%) 
 
22 (52.38%) 
Hispanic-American 11 (22.45%) 
 
13 (30.95%) 
African-American 3 (6.12%) 
 
4 (9.52%) 
Asian-American 9 (18.37%) 
 
0 (0.00%) 
Native-American 1 (2.04%) 
 
1 (2.38%) 
Other 6 (12.24%)   2 (4.76%) 
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Table 2  
Descriptive Statistics of Facebook Interaction Variables  
Variable Closest friends (N = 246)   Non-closest friends (N = 
16259) 
min max 𝑀𝑀� SD   min max 𝑀𝑀� SD 
Mutual_Friend 0 629 58.12  80.47   0 808 63.18  71.93  
Ucompos_Times 0 183 10.26  25.24   0 422 0.84  6.47  
Ucompic_Times 0 116 3.49  9.31   0 226 1.66  17.46  
Urepcom_Times 0 167 4.20  13.60   0 65 0.24  1.65  
Ulikepos_Times 0 409 22.16  52.63   0 525 5.05  33.60  
Ulikepic_Times 0 275 19.59  37.77   0 314 3.40  13.30  
Uliketgpic_Times 0 113 1.83  8.98   0 597 3.43  43.23  
Utmlikepos_Times 0 36 2.43  4.77   0 80 0.64  5.14  
Utagedpic_Times 0 454 11.43  43.52   0 99 0.57  4.40  
Sharedpic_Times 0 211 8.90  22.61   0 72 0.32  2.01  
Utagpos_Times 0 293 5.28  21.72   0 50 0.13  1.00  
Fcomutm_Times 0 39 1.89  3.81   0 34 0.27  1.10  
Ucomftm_Times 0 45 1.60  3.99   0 70 0.75  5.11  
Sharedpos_Times 0 80 6.55  11.10   0 58 0.80  3.38  
Mentionedsamepost_Times 0 61 2.89  6.80   0 40 0.41  3.42  
Repliedto_Times 0 1 0.01  0.09   0 1 0.00  0.02  
Adpicpotm_Times 0 6 0.19  0.66   0 10 0.05  0.43  
Admytmwith_Times 0 9 0.82  1.62   0 7 0.02  0.20  
Ucomvid_Times 0 7 0.19  0.72   0 17 0.11  1.31  
Advidtm_Times 0 1 0.00  0.06   0 1 0.00  0.01  
Advidtmwith_Times 0 1 0.00  0.06   0 1 0.00  0.01  
Advidwith_Times 0 1 0.04  0.20   0 3 0.00  0.04  
Ulikevid_Times 0 24 0.91  2.72   0 20 0.23  1.70  
Ulikeother_Times 0 59 0.69  4.12   0 51 0.21  1.85  
Comment_Total_Times 0 316 11.00  29.20   0 157 0.46  3.27  
Photos_Comments_Times 0 38 1.00  3.36   0 17 0.03  0.36  
Comments_Comments_Times 0 111 3.52  11.69   0 46 0.10  1.12  
Likes_Total_Times 0 259 27.08  43.30   0 429 3.78  13.41  
Comments_Likes_Times 0 380 10.82  39.42   0 123 0.24  2.13  
Photos_Likes_Times 0 49 2.97  6.54   0 29 0.26  1.22  
Photos_Tags_Times 0 36 2.47  5.56   0 24 0.12  1.26  
Mentions_Times 0 102 2.73  8.83   0 14 0.06  0.51  
First Communication  0 2746 999.02  747.39   0 3395 617.56  826.34  
Recent Communication 0 2045 185.65  351.28   0 3395 405.37  654.52  
Facebook Usage 1 4 2.17  1.10    1 4 2.17  1.10  
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Social Distance Prediction Model with Random Forest 
 The prediction model (i.e., random forest binary classifier) was trained using the 
R package caret. The model was trained and tested using 10-fold cross-validation method 
for 5 times. After evaluating results using different parameter combinations--with the 
number of variables randomly sampled at each split (mtry) ranging from 1 to 25, and the 
number of trees to be grown (ntree) ranging from 1000, 1500, 2000, 2500-- the optimal 
prediction model was achieved when mtry is 16 and ntree is 2500, with an accuracy of 
predicting closest and non-closest relationship at 82.87% and kappa = .66. 
 The relative importance of each predictor to the model is presented in Figure 1, in 
which SharePic_Times is the strongest predictor. The relative importance is measured by 
the MeanDecreaseGini index (Breiman, 2001). 
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Figure 1. Relative Importance of Variables 
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Classic Social Discounting Test 
 As noted earlier, forty-nine participants (65.31% female, 38.78% 
White/Caucasian) completed the classic social discounting test. Nineteen of them have 
more than two crossover points, which is considered an unreliable data pattern, which is 
why they were excluded included in the analysis. Another participant was excluded from 
the analyses because the data do not meet Johnson & Bickel (2008)’s criterion 1 (i.e., if at 
least one indifference point at a later social distance has a value 20% greater than any 
indifference points at any prior social distances) to be considered systematic. This is 
consistent with previous studies. 
 Notably, root mean square error (RMSE) is used as an index of model fit of the 
hyperbolic model. Prior studies (Johnson & Bickel, 2008; Kirby & Santiesteban, 2003) 
have substantiated R square (𝑅𝑅2) as a biased measure of goodness of fit for non-linear 
models. They recommend using an assumption free model fit index instead; RMSE is one 
of such measure. In this study, the observed indifference points at each social distance 
and the predicted indifference points are divided by the maximum possible crossover 
point value (i.e., $90) to achieve proportional scores separately, and then the regular 
RMSE formula is used to compute the index. However, to show consistency with the 
reports from prior discounting research, 𝑅𝑅2 was also report here. Overall, the hyperbolic 
function showed a good fit to the social discounting data (𝑀𝑀�R2 = .84, SDR2 = .17; 𝑀𝑀�RMSE = 
.08, SDRMSE = .04). When fitting the curve with median indifference points across 
participants, the model fits (R2 = .96, RMSE = .06) remarkably. The optimal undiscounted 
value V in the overall model is $86.13, and the discounting rate k is .09, which is close to 
the average discounting rate .09 across participants (Table 3). Note that k represents 
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natural logarithm transformed to achieve a normal distribution in order to perform the t-
tests (Yi, Pickover, Stuppy-Sullivan, Baker, & Landes, 2016).  
Table 3  
Descriptive Statistics of Classic Social Discounting Test across Participants 
  k V ln(k) 𝑅𝑅2 RMSE 
Median 0.09 88.06 -2.44 0.90 0.07 
𝑀𝑀�  0.10 83.01 -2.77 0.84 0.08 
SD 0.09 20.53 1.06 0.17 0.04 
 
Facebook Social Discounting Tests 
 Forty-one participants (73.81% female, 52.38% White/Caucasian) completed the 
two new social discounting tests. However, only 24 participants produced reliable data. 
Specifically, two participants’ data were excluded because they misunderstood the 
instructions. In addition, fifteen participants had more than one crossover point. Hence, 
they were also excluded from the analyses. 
Similar to the classic social discounting test, Johnson & Bickel’s (2008) 
nonsystematic data identification criterion (J&B Rule) was first applied. Only one 
participant’s data were considered nonsystematic in the new social discounting test with 
numeric indicators. Surprisingly, ten participants produced nonsystematic data in the new 
social discounting test with Facebook-based profile indicators, which was approximately 
42% of all remaining reliable data. Excluding data based on such rule might be 
suspicious for precluding data that might disconfirm the discounting model. Therefore, 
current study analyzed the data with another sample selection criterion that is not as 
restricted as the J&B rule in the current study. Results in this session were presented after 
applying each sample selection criterion, separately. In this criterion, if a participant’s 
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data, after fitting with a hyperbolic function, achieved an 𝑅𝑅2 value smaller than .3 (R2 
Rule, Reynolds & Schiffbauer, 2004; Reynolds, Richards, & de Wit, 2006), the 
participant’s data were omitted from the analyses. In this case, two participants were 
excluded for further analyses based on such criterion. One participant’s data were 
considered an outlier, since the estimated k and V are more than three standard deviations 
from the mean. Therefore, it was also excluded from further analyses, leaving twenty-one 
participants. Data based on both sample selection criteria were analyzed and presented 
separately in this session. 
In general, the hyperbolic function fits the data well in the two Facebook social 
discounting tests, regardless of the sample selection methods, as indicated by R2 and 
RMSE (Table 4), and the hyperbolic models for the classic social discounting test, as well 
as the numeric and profile Facebook social discounting tests (Figure 2). Notably, the 
three social discounting plots were fit with median indifference point from every 
individual social distance rank used in the tests. And the shape of the numeric and profile 
Facebook social discounting models differed significantly between the two sample 
selection criteria.  
Table 4  
Descriptive Statistics of Facebook Social Discounting Tests across Participants 
    Facebook Social Discounting Test with Numeric Indicators   
Facebook Social Discounting Test 
with Profile Indicators 
    kN VN ln(kN) R2 RMSE   KP VP ln(kP) R2 RMSE 
J&B 
Rule (N 
= 12) 
Median 0.08 83.03 -2.56 0.88 0.09   0.05 75.75 -2.91 0.80 0.12 
𝑀𝑀� 0.10 78.24 -2.69 0.82 0.08  0.08 76.15 -2.82 0.72 0.13 
SD 0.10 21.81 0.96 0.16 0.05  0.06 20.03 0.71 0.23 0.06 
             
R2 Rule 
(N = 21) 
Median 0.08 83.53 -2.52 0.90 0.08  0.07 78.98 -2.63 0.87 0.09 
𝑀𝑀� 0.10 83.53 -2.66 0.87 0.09  0.10 82.01 -2.56 0.88 0.09 
SD 0.08 18.84 0.85 0.12 0.06   0.07 17.59 0.73 0.05 0.04 
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Figure 2. Hyperbolic Models for the Classic Social Discounting Test, Profile and 
Numeric Facebook Social Discounting Tests Based on R2 Rule and J&B Rule 
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Figure 3. Discounting Rates in the Profile Facebook Social Discounting Test (kP) and in 
the Numeric Facebook Social Discounting Test (kN) 
The distributions of raw social discounting rates between the numeric social 
discounting test (i.e., kN) and profile social discounting test (i.e., kP) were shown in 
Figure 3. The correlations of the log-transformed social discounting rates between the 
two Facebook conditions were as follows, J&B Rule: r = .20, p = .53; R2 Rule: r = .19, p 
= .41. A repeated measures t-test was used to compare within-subject log-transformed 
social discounting rates from both tests. There was no significant difference between the 
two conditions using Facebook data, J&B Rule: t(11) = - .32, p = .76; R2 Rule: t(20) = 
.27, p = .79.  
 The distribution of numeric social distance indicators from the numeric social 
discounting test was different from the classic social discounting test. Specifically, 
fourteen received the same social distance indicators in the numeric Facebook social 
discounting test; and ten participants did not have the full range of social distance from 
#1 to #50. Using independent samples t-test, the log-transformed social discounting rates 
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from the classic social discounting test and the Facebook social discounting test with 
numeric indicators did not differ significantly, J&B Rule: t(39) = .26, p = .80; R2 Rule: 
t(49) = .26, p = .80. Likewise, the log-transformed social discounting rates from the 
classic social discounting test and the Facebook social discounting test with profile 
indicators did not differ significantly as well, J&B Rule: t(39) = .53, p = .60; R2 Rule: 
t(49) = .05, p = .96. 
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DISCUSSION 
The purpose of this study was to explore the social discounting phenomenon in 
the context of social media. Specifically, the present study investigated whether the 
hyperbolic model can adequately describe the data, and compared the effect of estimating 
social discounting rate in terms of real and hypothetical social distance indicators. 
The results of the current study seem to indicate, yet with a limited sample size, 
that the hyperbolic model for describing social discounting phenomenon could be applied 
in the social media context. Moreover, the estimated social discounting rates from the 
classic and numeric social discounting tests did not differ significantly. This may show 
that the distribution of hypothetical social distance indicators does not alter people’s 
altruistic decision making. Additionally, the social discounting rates of the numeric social 
discounting test were not significantly different from the profile social discounting test, 
which may reflect that people do not become any more generous or selfish even changing 
the social distance stimulus. Together, these may suggest the social discounting rate is 
stable as a trait variable, similar to delay discounting. 
Social Distance Prediction Model 
One of the contributions of this study was the use of the random forest algorithm 
and available social media interaction data to predict the closest relationships online for 
every individual participant. In contrast to previous studies, which did not specifically 
require the participants to think of a list of their closest friends, though it was included in 
their instruction, current study tempts to stress on this procedure so that the discounting 
rate based on participants’ responses to real people could be estimated and compared 
with their reactions towards numeric social distance indicators. 
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To analyze the social discounting function, the real people social distance 
indicator must specifically represent certain social distance. However, explicitly 
demanding participants to generate a complete friend-list is problematic. This is because 
such a task would too much time and effort, and it is difficult for subjects to generate a 
ranked friend-list with 50 closest friends. Therefore, generating a prediction model in 
Phase 1 is essentially a data reduction tool, which produces a friend-list using the 
participants’ available interaction data with their friends on Facebook. And participants 
simply need to rank their friends in this predicted list, rather than effortfully creating such 
ranked friend-list. 
In addition, random forest is used in this study given the nature of social media 
data. That is, the Facebook interaction variables not only have highly skewed data, but 
also provide overlapping information (i.e., multicollinearity). Such data patterns raise 
problems when developing a traditional linear model. In contrast, a machine learning 
algorithm, random forest in the current study, can easily handle these types of data. 
Moreover, the use of machine learning model usually provides more accurate predictions 
of closest relationship, compared to traditional multiple linear regression models 
(Breiman, 2001). 
Consistent with previous studies (Jones et al., 2013; Kahanda & Neville, 2009; 
Madeira & Joshi, 2013; Spiliotopoulos et al., 2014), the prediction model generated in 
Phase 1 performed well in predicting the closest Facebook friends. The model achieved 
83% of accuracy in distinguishing closest versus non-closest friends. Note, however, that 
previous research has shown slightly better predictive performance with Facebook data 
and the same machine learning algorithm (i.e., random forest). This may be due to the 
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inclusion of user similarity data (e.g., the difference in age, gender or education) in the 
previous research. Although user similarity data yield some predictive power on social 
distance, as indicated in prior research (Jones et al., 2013; Kahanda & Neville, 2009), 
their predictive power was weakened when Facebook interaction data are provided. 
Consequently, this study did not collect demographic data from participants’ Facebook 
friends to save extra computing cost. The prediction model also has achieved comparable 
predictive accuracy using the Facebook interaction data. Therefore, this prediction model 
using random forest algorithm was implemented in Phase 2. 
Moreover, based on the prediction model generated in Phase 1, some of the most 
important predictors in the model are similar to those used in prior studies (Arnaboldi et 
al., 2013; Gilbert & Karahalios, 2009; Jones et al., 2013; Kahanda & Neville, 2009; 
Madeira & Joshi, 2013; Spiliotopoulos et al., 2014). For example, the most important 
predictor is the number of times participants and friends appear in the same photos. Joint 
photos appear to be an important index of offline interaction between the users and 
suggests that it plays a significant role in predicting closest relationships online.  
In contrast to previous studies (Gilbert & Karahalios, 2009; Spiliotopoulos et al., 
2014), the second most important predictor in the current study was the number of mutual 
friends between users. One probable explanation is that more mutual friends increase the 
likelihood of sharing more overlapping social groups between the users, which relates to 
collective similarity (McPherson, Smith-Lovin, & Cook, 2001). Research (Chierchia & 
Coricelli, 2015; Mark, 2003) has shown that perceived similarity not only raises expected 
positive outcome from interactions, but also promotes cooperation; and thus, leads to a 
stronger perceived relationship. 
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Consistent with Spiliotopoulos et al. (2014), the current study shows that closest 
friends have fewer mutual friends on average compared with non-closest friends. One 
possible reason is that closest friendship (e.g., family members or middle school friends) 
may be more demanding of time and may have been developed within a smaller network. 
In this case, the number of Facebook users may be relatively small when, compared with 
general social networks (e.g., college network) that have many Facebook users. 
Additionally, the communication platforms (e.g., message, phone, Instagram, Snapchat) 
for closest friendship may be more diverse, which could, to some extent, ease the 
necessity of using Facebook as a pipeline for maintaining communications.  
In general, more deliberate and effortful interaction variables (e.g., comments, 
tagging behavior) have more weight in predicting the relationship compared with lower 
level interactions (e.g., likes). Since more options of intimate social media platforms 
(e.g., Instagram, Snapchat) have become available and more popular, the time people 
spent on Facebook has dropped (Alhabash & Ma, 2017). In addition, the large number of 
Facebook friends makes Facebook interactions seemingly “rare” and “precious”. 
Specifically, compared to simply clicking a “like” button on friend’s post, behaviors such 
as writing comments or tagging friends in a posted picture require more mental effort and 
are, therefore, distributed more among stronger relationships. 
Social Discounting 
One may argue that the prediction model with nearly 80% predictive accuracy 
may not perfectly generate a friend-list, which contains all closest Facebook friends for 
each participant, to replicate the effect of “imagining your closest friends” from the 
classic social discounting test. First, researchers in the classic social discounting test 
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simply instructed participants to imagine that they had created a list of closest friends, 
instead of actually creating one. In fact, the generation of a real friend-list in the present 
study might be a unique contribution to the field, which enables the assessment of the 
differential effects caused by discounting of hypothetical social distance indicators versus 
real social distance indicators. Second, given that social discounting assesses how human 
values change as a function of social distance, the perception of social distance should be 
a crucial element. In this study, the use of participants’ rankings in the Facebook social 
discounting tests, rather than the predicted rankings, should sufficiently show how each 
participant perceives their relationships with friends. In this case, their decisions should 
reliably reflect how they discount the value of relationships as social distance increases. 
Nevertheless, there was a substantial proportion of nonsystematic data according to 
Johnson and Bickel (2008), which is discussed later in this session. 
Findings from this study support the notion that the social discounting model can 
be expanded to real people on social media. However, there is not a significant difference 
in social discounting rates between the two new social discounting conditions and 
between them and the classical discounting task. That is, people do not discount 
differently when they see real friends or numeric ranks. This is consistent using the two 
sample selection criteria, which contradicts the hypothesized outcome.  
There are some possible explanations for such findings. First, like delay 
discounting, social discounting may be a trait variable for measuring altruism. Delay 
discounting is a measure of impulsivity. It is related to some personality measures, such 
as agreeableness (Miller, Lynam, & Jones, 2008), empathy (Kirby, Petry, & Bickel, 
1999), and fatalism (Johnson, Bickel, Baker, Moore, Badger, & Budney, 2010). 
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Moreover, it is also stable in that prior research (Odum, 2011) has found a high test-retest 
reliability of the delay discounting measure; and a consistent mathematical model for 
describing the data pattern. Its estimated discounting rate is also related to a variety of 
lack of self-control behaviors (e.g., alcohol use, smoking, and drug addiction; Bickel & 
Marsch, 2001). Likewise, previous research has identified social discounting rate as a 
reliable predictor of social cooperation, and it can be consistently estimated by the 
hyperbolic model. Additionally, a previous study (Locey, Jones, & Rachlin, 2011) had 
not found a differential effect caused by the use of real or hypothetical rewards on the 
degree of social discounting rate. Therefore, if social discounting is also a trait variable, 
social discounting rates are expected to remain stable in the Facebook profile and 
numeric social discounting tests.  
Second, according to Stephan, Liberman & Trope (2011), that if the self-construal 
remains constant while the “target” is at a lower construal level, the perceived social 
distance is closer between the subject and that “target”, which promotes altruistic 
behaviors. This idea formed the Hypothesis 3 in the current study. Specifically, the self-
construal refers to the participants oneself, which should remain stable in the two 
Facebook social discounting tests. In this case, only the “targets” (i.e., friends) vary in the 
construal level in the two tests, with profiles at a lower construal level against numeric 
ranks at a higher construal level. Henceforth, participants should react more generous in 
the profile social discounting test, and show shallower social discounting rate in general. 
However, current study failed to conform to the hypothesis. This finding might be 
explained by Aknina, Van Bovenb and Johnson-Graham (2015). They proposed that 
higher level construal (i.e., abstract) would increase positive emotional self-evaluation on 
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prosocial behavior, compared to lower level construal (i.e., concrete). In the current 
study, the profile social discounting test provided friends’ names and profile images, 
which is a concrete stimulus, as opposed to the corresponding numeric ranks of the 
profiles applied in the numeric social discounting test, which is considered an abstract 
stimulus. Hence, it may be that higher positive self-evaluation, associated with numeric 
social distance stimuli, provides stronger motivation for people to act more altruistically, 
relative to the profile social distance “concrete” stimuli. And this may counter the 
predicted effect described by Stephan, Liberman & Trope (2011). 
Third, it is also possible that people make comparable generous choices towards 
offering money to their friends at different ranks, even when social distance indicators 
become more salient (i.e., Facebook profile indicators) to them. To test this theory, the 
friend’ ranks in the Facebook social discounting tests were categorized into various levels 
of closeness groups, to compare the indifference points between the two social 
discounting tests at each group level. The categorization is based on Dunbar’s 
relationship circle theory (Dunbar, 1998; Hill & Dunbar, 2003). According to the theory, 
people can only maintain 150 active relationships on average because of cognitive 
constraints. Relationships that exceed such number are considered acquaintances. Among 
these active relationships, the top five relationships compose a supportive clique; the 
addition of the next ten relationships form a sympathy group; the fifty closest 
relationships create an affinity group; and the total 150 relationships are the active 
network. Therefore, the ranks in the new social discounting tests were categorized 
proportionally following Dunbar’s relationship circles. And the indifference points were 
averaged for each group within every participant. No significant differences were 
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identified between the indifference points at the group level using Wilcoxon’s paired 
signed rank test. Nevertheless, the limited sample size, again, may make it difficult to 
capture the differences. 
Fourth, in the instructions for the social discounting test with Facebook-based 
profile indicators, participants were asked to treat each friend as sharing the same 
socioeconomic status with themselves. This instruction was not included in other social 
discounting tests of this study. Therefore, such instruction may create a confounding 
variable that caused a differential effect among the numeric social discounting test. 
Nevertheless, the order of the two tests was randomized across participants, and I found 
no order effect for the estimated social discounting rates in each test. Therefore, future 
research is needed to examine whether the instruction could, in fact, cause a differential 
effect. 
Finally, since the ranks of the Facebook profiles were assigned by the 
participants, it also is possible that participants were able to relate the Facebook profiles 
test rankings and the Facebook numeric test ranks they had assigned, which may account 
for the non-differential effect. Even so, if there were a differential effect on social 
discounting rates between the two conditions, the effect size might not be strong enough 
to be captured by the available sample size in this study. 
Notably, if the participants were paying attention to the instruction and the 
questions in the numeric test (i.e., an abstract condition), their responses should be 
systematic (i.e., no larger indifference points at larger ranks). In contrast, when 
participants were instructed to react to a set of their Facebook friends (i.e., a real-life 
condition), many more nonsystematic data were observed. The relatively large proportion 
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of nonsystematic data, based on Johnson & Bickel (2008)’s criterion, in the new social 
discounting test with profile indicators, may indicate a systematic social distance 
perception deviation from the classic social discounting test. There are some probable 
reasons for this phenomenon. First, when participants were ranking their Facebook 
friends, they might consider Facebook interactions as the criteria to rank a Facebook 
friend, rather than the actual perceived relationship strength. If this were the case, in the 
social discounting test, their decisions would be based on their generic perceived social 
distance with the listed friends, instead of their earlier ranking assignments. The new 
social discounting tests in this study may be an effective tool distinguishing which 
criteria participant were mostly relying on to rank their friends. Based on this, the 
samples selected by the J&B rules might be the participants who rank their friends based 
on perceived relationship strength. In this case, it was found that participants had 
discounted more under the profile condition, though the sample size is not large enough 
to detect the significant difference, compare to the numeric condition. In general, data 
may be more congruent if participants were specifically instructed to rank their friends 
based on perceived relationship strength, as opposed to Facebook interactions.  
Second, previous research (Charlton et al., 2011; Ma et al., 2015; Margittai et al., 
2015; Nakamura, 2014; Olson et al., 2015; Osinski et al., 2014; Strombach et al., 2013; 
Strombach et al., 2015) has been repeatedly using numbers as social distance indicators, 
none of the studies has yet categorized social distance using real person as the stimulus. It 
is possible that the perception of social distance may not be as consistent or simple as the 
perception of numbers. It may be that when participants were asked to respond to a set of 
numeric ranks, their judgments and decisions might fall under a continuity framework. In 
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addition, participants might thus use number as the social distance perception coordinate. 
In the Facebook condition, a participant can treat two people as equal in social tie 
strength; whereas in the classic numeric test, participants were told to rank in numeric 
order—so they might create an ‘artificial’ continuity that is linear; in real life, closeness 
with friends is not linear. According to Pica, Lemer, Izard, and Dehaene (2004), the use 
of numbers (i.e., symbol) may be important to make exact comparisons between 
quantities. Non-symbolic signaling was purposed as a possible reason for dissimilar 
effects occurred in delay discounting studies across species (Reyes-Huerta & Dos Santos, 
2016; Vanderveldt, Oliveira, & Green, 2016). Likewise, in the profile test of the present 
study, participants were deprived of the numeric stimulus, and thus they might be 
reacting to each profile (i.e., non-symbol) more independently. If number and social 
distance were perceived systematically and consistently, the correlation between the 
estimated social discounting rates from the numeric Facebook social discounting test and 
profile Facebook social discounting test should be close to one. However, the correlation 
between the estimated social discounting rates was nearly zero in the current study, 
though no significant difference was found between the discounting rates between the 
two conditions. Additionally, the shape of the overall numeric and profile Facebook 
social discounting models differed significantly between the two sample selection 
criteria. Consequently, the consistent hyperbolic function might, in fact, be a procedural 
artifact in previous research. The social discounting model may only be properly 
extracted under a hypothetical context, that is, framing the social distance indicators in 
terms of abstract numeric ranks. Future studies are needed to examine the properties of 
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psychological distances across dimensions, and apply the social discounting model under 
more realistic contexts, such as real-life indicators, to evaluate its validity. 
Third, it is also possible that the instruction about treating each friend sharing the 
same socioeconomic status was not as effective as expected, and that participants still 
used their personal knowledge information, such as the friends’ financial situations, as a 
reference, regardless of the instruction that they have equal resources. In this regard, it is 
possible that a poorer friend at a later social distance receives more money than a richer 
closer friend. 
Finally, the current study found no significant difference in discounting rates 
between the classic social discounting and the Facebook social discounting test with 
numeric indicators. Therefore, we may conclude that the distribution of hypothetical 
social distance indicators may not influence social discounting rate estimates in a social 
discounting test. 
Limitations and Future Research 
One of the limitations of this study is the distribution of social distance values in 
the social discounting tests are different from previous studies due to current research 
design. Specifically, each participant has different numeric social distance indicators 
(e.g., some had the same social distance indicators in the numeric Facebook social 
discounting test; while some didn’t receive the full range of social distance from #1 to 
#50) in the customized social discounting tests.  
Future research could resolve such discrepancy by forcing each participant to 
assign a separate rank to his or her friends instead. Though no significant differences in 
terms of the social discounting rates were detected, by the distribution of the social 
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distance indicators between the classic social discounting test and the social discounting 
test with numeric indicators in the current study, the lack of differences between models 
should be interpreted with caution due to the small sample sizes. Future studies are thus 
needed to investigate whether discounting models --including social and delay 
discounting-- would be sensitive to the distribution of distances/delays, such as the 
model’s magnitude effect, order effect, discounting rates, and other relevant factors. 
The second limitation of the current study lies in the use of hypothetical monetary 
rewards. Whether or not people may behave more selfishly if real monetary rewards are 
used during the study should be examined in the future study. However, most previous 
studies (Charlton et al., 2011; Jones & Rachlin, 2006; Ma et al., 2015; Osinski et al., 
2014; Rachlin & Jones, 2007; Strombach et al., 2016) have utilized hypothetical rewards, 
and the social discounting model has been able to capture the patterns of data. Moreover, 
there are studies (Johnson & Bickel, 2002; Locey, Jones, & Rachlin, 2011; Madden, et al., 
2003) specifically comparing the use of hypothetical rewards against real monetary 
rewards in delay discounting, probability discounting and social discounting research. 
They have not found significant differences that the use of real or hypothetical rewards.  
Another apparent limitation of the present study is the sampling method and 
relatively small sample size. Sampling from which students were mostly seeking research 
credits for meeting their psychology course requirements, could jeopardize the 
generalizability of current findings to broader populations. Nonetheless, given that most 
previous studies (Charlton et al., 2011; Jones & Rachlin, 2006; Ma et al., 2015; Osinski et 
al., 2014; Rachlin & Jones, 2007; Strombach et al., 2016) on social discounting had used 
such sampling methods, the sampling method utilized in the current study seems 
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acceptable. Future research should examine the effects with more representative samples 
of the general population.  
Additionally, the relatively small sample size in this study prevented the 
examination of interactive effects between demographic and Facebook engaging 
variables, e.g., gender and Facebook usage, and experimental conditions on social 
discounting. These variables may be informative about the critical factors predicting 
social discounting rates underlying the social discounting tests.  
Finally, because the sample size limited the opportunity to discover plausible 
explanations responsible for the similar social discounting rates under the two 
experimental conditions, future studies should collect more data to see if current findings 
can be replicated, and to examine whether there are underlying mechanisms accounting 
for social discounting phenomenon, such as demographic variables or other personality 
variables. For instance, with more participants one could test for significant differences 
on indifference points between various levels of social distance categories from the two 
Facebook social discounting tests, and whether the small instructional variations (i.e., 
asking participants to image their friends sharing identical socioeconomic status as 
themselves) could actually lead to a significantly different discounting rate estimates.  
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Title of the Study: External Validity of Estimates of Social Distance 
I am Linle Jiang, a graduate student under the direction of Professor Elias Robles-
Sotelo in the School of Social & Behavioral Sciences at Arizona State University. I am 
conducting a research study to assess two methods to measure social distance or how 
strong friendships/relationships are. 
I am inviting your participation, which will involve spending one hour in the 
laboratory ranking some of your Facebook friends, and collecting Facebook 
communication patterns with your friends since you have started your Facebook account. 
Note that we will not look at the content of any you or your friends’ communications, but 
only the structure (e.g., number of likes, or number of comments). Also, some personal 
identifiers of your friends (i.e., profile pictures and names) will be temporarily collected 
and incorporated into the program as materials for the test, which will only be accessible 
to you. Once you have finished participation in the lab, all personal identifiers will be 
wiped from the research files, after you launch the data integration and identifier removal 
program on the desktop. This program will automatically remove any personal identifier 
(i.e., account names and profile pictures) from the program. Finally, you will be asked to 
complete one survey. You have the right not to answer any question, and to stop 
participation at any time. 
Your participation in this study is voluntary. If you choose not to participate or to 
withdraw from the study at any time, there will be no penalty. You will receive 3 SONA 
research credits for participating. You must be 18 or older to participate in the study. 
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There are no foreseeable benefits to you from participating in this study, except to 
participate in, and learn about, the research process. Also, there are no foreseeable risks 
or discomforts to your 
participation.  
Your responses will be confidential. The results of this study may be used in 
reports, presentations, or publications but your name will not be used, and that results 
will only be shared in aggregate form such as group statistics. 
If you have any questions concerning the research study, please contact the 
research team at: LJiang44@ASU.EDU or Elias.Robles@ASU.EDU. If you have any 
questions about your rights as a subject/participant in this research, or if you feel you 
have been placed at risk, you can contact the Chair of the Human Subjects Institutional 
Review Board, through the ASU Office of Research Integrity and Assurance, at (480) 
965-6788. Please let me know if you wish to be part of the study. 
By signing below, you are agreeing to be part of the study. 
Name: ____________________________________________ 
Signature: ______________________________________             Date: 
_________________  
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APPROVAL: EXPEDITED REVIEW 
Elias Robles-Sotelo 
NEW: Social and Behavioral Sciences, School of (SSBS) 
602/543-4515 
Elias.Robles@asu.edu 
 
Dear Elias Robles-Sotelo: 
 
On 11/28/2017 the ASU IRB reviewed the following protocol: 
Type of Review: Initial Study 
Title: External Validity of Estimates of Social Distance 
Investigator: Elias Robles-Sotelo  
IRB ID: STUDY00007249 
Category of review: (7)(b) Social science methods, (7)(a) Behavioral 
research 
Funding: None 
Grant Title: None 
Grant ID: None 
Documents Reviewed: • Social Discounting Consent Form 17-11-15.pdf, 
Category: Consent Form; 
• Instructions on Obtaining Facebook Data 17-11- 
15.pdf, Category: Participant materials (specific 
directions for them); 
• SONA Recruitment statement 17-11-15.pdf, 
Category: Recruitment Materials; 
• Ranking Program Screenshots.pdf, Category: 
Measures (Survey questions/Interview questions 
/interview guides/focus group questions); 
• Social Discounting Protocol 17-11-15.docx, 
Category: IRB Protocol; 
• IRB Protocol Clarification, Category: Other (to 
reflect anything not captured above);  
 
 
 
The IRB approved the protocol from 11/28/2017 to 11/27/2018 inclusive. Three weeks 
before 11/27/2018 you are to submit a completed Continuing Review application and 
required attachments to request continuing approval or closure. 
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If continuing review approval is not granted before the expiration date of 11/27/2018 
approval of this protocol expires on that date. When consent is appropriate, you must use 
final, watermarked versions available under the “Documents” tab in ERA-IRB. 
 
In conducting this protocol you are required to follow the requirements listed in the 
INVESTIGATOR MANUAL (HRP-103). 
 
Sincerely, 
 
 
 
IRB Administrator 
 
cc:  Linle Jiang 
Linle Jiang 
Yaqi Li 
Elias Robles-Sotelo 
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DEMOGRAPHIC FORM 
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Please fill in the following information. 
 
1. Gender     ____F     ____M 
 
2. Age      ________ 
 
3. Ethnicity (for multiple heritages, check all that apply) 
 
a. White/Caucasian       _____ 
b. Hispanic-American   _____ 
c. African-American     _____ 
d. Asian-American        _____ 
e. Native-American       _____ 
f. Other    _________________________________ 
  (Please specify) 
 
4. Academic Major(s) - natural science (1); social science (2) 
 ____ Psychology 
 ____ Other Social Science (Sociology, Anthropology, Political Science, Criminal 
Justice) 
 ____ Communication Studies 
 ____ Humanities (Language, Arts, History, English, Liberal Studies) 
 ____ Business 
____ Other: (Please specify) ________________________ 
 
5. Year  ____ Freshman 
    ____ Sophomore 
    ____ Junior 
    ____ Senior 
    ____ Graduate 
           ____ Other 
 
6. First Language  
_____   English 
_____   Spanish 
_____   Other: (Please specify) ________________________ 
 
7. On average, how much time per day they spent on Facebook? 
 
 
 
 
8. How active do you consider yourself as a Facebook user (e.g., posting on friends’ 
walls, replying to friends’ comments)? 
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1                2                    3                     4                      5 
 
 
  
Not at all …………………………………………………. Very 
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CLOSEST FRIENDS SELECTION 
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APPENDIX E 
RANKING PROCEDURE 
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APPENDIX F 
CLASSIC SOCIAL DISCOUNTING TEST 
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APPENDIX G 
NEW SOCIAL DISCOUNTING TEST WITH FACEBOOK-BASED PROFILE 
INDICATOR 
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APPENDIX H 
NEW SOCIAL DISCOUNTING TEST WITH NUMERIC INDICATOR 
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